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The Editorial on the Research Topic 
At the Crossroads: Lessons and Challenges in Computational Social Science 
The interest of physicists in economic and social questions is not new: during the last decades, we have witnessed the emergence of what is formally called nowadays sociophysics [ 1 ] and econophysics [ 2 ] that can be grouped into the common term “ Interdisciplinary Physics” along with biophysics, medical physics, agrophysics, etc. With tools borrowed from statistical physics and complexity science, among others, these areas of study have already made important contributions to our understanding of how humans organize and interact in our modern society. Large scale data analyses, agent-based modeling and numerical simulations, and finally mathematical modeling, have led to the discovery of new (universal) patterns and their quantitative description in socio-economic systems. 
At the turn of the century, however, it was clear that huge challenges—and new opportunities—lied ahead: the digital communication technologies, and their associated data deluge, began to nurture those models with empirical significance. Only a decade later, the advent of the Web 2. 0, the Internet of Things and a general adoption of mobile technologies have convinced researchers that theories can be mapped to real scenarios and put into empirical test, closing in this way the experiment-theory cycle in the best tradition of physics. 
We are nowadays at a crossroads, at which different approaches converge. We name such crossroads computational social science (CSS) : a new discipline that can offer abstracted (simplified, idealized) models and methods (mainly from statistical physics), large storage, algorithms and computational power (computer and data science), and a set of social hypotheses together with a conceptual framework for the results to be interpreted (Social Science) [ 3 – 5 ]. Despite its youth, the field is developing rapidly in terms of contents (articles, books, etc.), but also institutionally—either under the form of labs, institutes, and academic programs; or as consolidated events and scientific gatherings. 
This “ work-in-progress” spirit is reflected as well in this volume: the call was launched in late 2014 and 10 articles were eventually accepted and published, including reviews—a look behind—, one methods paper, and six original contributions—a look ahead—introducing a broad range of research, from models with a strong analytical flavor to data-driven problems. 
As mentioned above, each new research line in CSS starts with analysing a sizable dataset, containing transactional data or user generated content on social web (also called Big Data), The availability of data however poses new methodological challenges. Among them are statistical analysis and how the methods and conventions that have been used in social sciences to analyse small datasets collected via questionnaires and interviews, can be now used to analyse data generated by millions of people. Vidgen and Yasseri address this challenge and in particular discuss the confusion and (mis)uses around the highly-popular p -values. They call for a more careful use of statistical tests and show few directions for improvement. Apart from the methodological challenges, as Holme and Liljeros note in their review on mechanistic models in computational social science, “ Quantitative social science is not only about regression analysis or, in general, data inference.” Computer simulations, whose history is reviewed by Holme and Liljeros , are one the main connecting bridges between empirical observations and theoretical models. 
Adopted from physics, the next step in the “ scientific method” of CSS is experimentation. Experiments might not only be used to validate the generated theories, but also to yield new observations that might eventually lead to new lines of research themselves. However, experimentation in social content and with human subjects is nothing similar to physics experiments. Recruitment, representativeness, privacy issues, and ethical challenges are very central to social experimentation. Sagarra et al. , focus their attention on citizen science and offer a methodological guideline for experimentation outside the laboratory. 
Spreading phenomena make one of the key topics in CSS. With application in innovation [ 6 ], political change [ 7 ], epidemiology [ 8 ], etc., it is important to understand how “ things” navigate through social networks. To further develop the extensive literature of social contagion, O'Sullivan et al. extend the modeling of complex contagion in the context of clustered networks—of upmost relevance in the social context. Solé-Ribalta et al. , on their side, focus on communities on multilayer networks [ 9 ] and develop new mathematics for information transfer. These two articles make an excellent case of how the insights from complex systems and statistical physics can and do play a role in CSS, offering solid foundations to the methods and insights developed within. 
One of the main advantages of CSS over classic social sciences, is the possibility to perform temporal analysis and come up with dynamical models. Most of the datasets under study in CSS contain timestamps, allowing for fine-grained analysis of interactions over time. Sanli and Lambiotte provide an original approach to online communication based on complex time series—rather than on network structure– that emerge from user dynamics on social media. The analysis is performed on a set of collected messages which correspond to an exceptional event, which is common practice in the field to study collective behavior [ 10 ]. Also Omodei et al. take this approach, analyzing a broad range of events (policy, culture, science) which they characterize as multiplex networks [ 9 , 11 ]. And finally Aledavood et al. use mobile phone records to study diurnal patterns of human communication and provide a cohesive picture of regularities in communication patterns both at individual and society levels. 
Large scale analysis of socially generated data is not limited to transactional records: huge amount of digital content is being produced on daily basis. In a novel work, Tanase et al. apply linguistic analysis to user reviews that they collected from the web and study social influence and its interplay with network topology, and how it affects users' opinions. 
Generalizing on opinion dynamics, there is no doubt that the Internet in general and social media in particular have changed the political environment and the way people engage in political activities [ 12 ]. At the same time, the digital footprint of online political activities provides a great opportunity to conduct political science studies at scale and in close-to real time, leading to the emergence of some sort of data-driven political science within CSS [ 13 ]. However, these opportunities come with challenges and shortcomings. Cihon and Yasseri take a critical point of view toward such studies and in particular discuss the “ biases” in Twitter-based research on political collective action in a short “ biased review.” 
Computational Social Science emerges as a wide set of scientific opportunities, to tackle the fundamental features of social complexity—multidirectional connections, layer interdependences and interferences, accelerated diffusion, and so on [ 14 ]. The complex systems approach that underlies CSS is a key feature toward creating a truly interdisciplinary, non-compartmental science. 
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